Peptide-protein interactions contribute a significant fraction of the protein-protein 17 interactome. Accurate modeling of these interactions is challenging due to the vast 18 conformational space associated with interactions of highly flexible peptides with large 19 receptor surfaces. To address this challenge we developed a fragment based high-20 resolution peptide-protein docking protocol. By streamlining the Rosetta fragment picker 21 for accurate peptide fragment ensemble generation, the PIPER docking algorithm for 22 30
exhaustive fragment-receptor rigid-body docking and Rosetta FlexPepDock for flexible 23 full-atom refinement of PIPER docked models, we successfully addressed the challenge 24 of accurate and efficient global peptide-protein docking at high-resolution with 25 remarkable accuracy. Validation on a representative set of solved peptide-protein 26 complex structures demonstrates the accuracy and robustness of our approach, and 27 opens up the way to high-resolution modeling of many more peptide-protein interactions 28 and to the detailed study of peptide-protein association in general. PIPER-FlexPepDock 29 is freely available to the academic community as a server at Introduction 33 Proteins are the workhorses inside living cells, and interactions among them are critical 34 for various important biological processes 1 . A significant fraction of these interactions 35 (15-40%) 2 are peptide mediated, where a short stretch of residues from one partner 36 contributes most to its binding to the other. Such short peptidic regions, also termed 37 short linear interacting motifs (SLIMs) are often found embedded inside disordered 38 regions of intrinsically disordered proteins (IDPs) 2,3 , or appear as flexible linkers 39 connecting domains 4 and as flexible loops tethered to rigid segments 5 . 40 The development of accurate structure based modeling tools is critical for atomic level 41 understanding of peptide-protein interactions, to allow the manipulation of known 42 interactions, to discover yet unknown peptide-protein interactions and networks, and to 43 provide starting points for the design of novel peptides and related molecules to target 44 specific systems of pharmacological interest 6 . A number of computational tools have 45 been developed to assist the characterization of peptide-protein interactions, including 46 the prediction of peptide binding sites 7-9 , refinement of coarse peptide-protein models 47 10 , folding and docking on a known binding site 11 and most challenging of all, global 48 peptide-protein docking with no prior information about the peptide structure and the 49 binding site [12] [13] [14] [15] [16] [17] . The challenges associated with the global docking of flexible peptides 50 have been addressed in different ways, by reducing the conformational space to be 51 sampled both for the internal degrees of freedom of the peptide as well as its rigid-body 52 orientations on the receptor surface. For peptide docking within the HADDOCK docking 53 framework 12 , the peptide backbone is represented by idealized conformation(s), such 54 as alpha helix, beta strand and polyproline-II, followed by rigid-body, semi-flexible and 55 fully-flexible docking with explicit solvation 18 . The pepATTRACT protocol 13,19 uses the 56 same approach to represent the peptide, followed by coarse-grained rigid-body docking 57 and flexible full-atom refinement. The AnchorDock protocol uses molecular dynamics 58 simulations to generate a set of plausible peptide conformations, which are then docked 59 using anchor-driven simulated annealing molecular dynamics around predicted 60 anchoring spots on the receptor 14 . The CABS-dock protocol uses randomly generated 61 peptide conformations based on either predicted or known secondary structure, 62 randomly orients these peptides over the receptor surface, and refines them using 63 replica exchange Monte Carlo dynamics 15 . The MDockPep protocol 16 uses peptide 64 sequence similarity to extract fragments from high resolution protein structures, which 65 are further refined using MODELLER 20 to generate plausible peptide conformations, 66 and then docked onto the receptor using rigid-body docking and flexible docking with 67 AutoDock Vina 21 . The recently published IDP-LZerD protocol models the binding of 68 long disordered segments to structured proteins using the Rosetta fragment picker 69 protocol 22 to generate fragments of 9-residue overlapping windows followed by LZerD 
Results

103
Overview of the PIPER-FlexPepDock protocol (Figure 1)
104
Step A | Generation of fragment set to represent the peptide conformer ensemble: 105 In a previous study we have shown that the bound peptide conformation can be well 106 represented by extraction of short fragments from the PDB based on information of 107 known binding sequence motifs 24 For a given receptor structure and peptide sequence, the divide and conquer strategy involves 132 first the description of the peptide as an ensemble of fragments (A), their fast and exhaustive 133 rigid body docking (using PIPER) onto the whole receptor (binding site region is shaded 134 salmon) (B), and subsequent high-resolution refinement (using Rosetta FlexPepDock; the top 135 5000 models are included in the plot) (C), followed by clustering and selection of top ranking 136 representatives. Fragments are colored according to their similarity to the native bound peptide 137 conformation. L-RMSD: Ligand root mean square deviation from crystal structure; see text for 138 more details. 139 140
Step C | FlexPepDock refinement of PIPER models and selection of final models: 141 Each of the PIPER models is refined by a single fully flexible refinement run using the Motivated by our recent advance in global peptide docking using a motif-focused 151 approach 24 we ventured into the development of a more generalized protocol. We 152 initially calibrated our docking approach on a small representative set of nine peptide-153 protein complexes (highlighted in bold in Table 1 ; see also Supplementary Table   154 S1A). We trimmed the peptide based on the motif defined in ELM, where available. For 155 all complexes impressive modeling accuracy was achieved for this new global docking 156 approach (within ≤2.5Å Ligand RMSD models among the top 10 ranking clusters; Table   157 1). For the full length peptides modeling near-native models were obtained for 5/9 158 cases, highlighting the benefits for motif (or shorter peptide sequence) focused 159 modeling, due to better fragment quality compared to the corresponding full-length 160 peptides ( Table 1) . Encouraged by these initial results, we proceeded to the validation 161 of our protocol on a larger and representative set of peptide-protein complexes ( Table 1   162 and Supplementary Table S1B ). distributions represent the subset of models that served as starting structures for the models 230 selected after FlexPepDock refinement). 231 232 We previously showed that extracting fragments based on sequence motif information 233 allows identification of bound peptide conformations that reflect the structural pattern of 234 these motifs 24 . We demonstrate here that representative fragments are not restricted to 235 peptides with known motifs. In fact, a comparison to the fragments extracted based on 236 sequence motif (for the dataset analyzed in the PeptiDock study, using the motif 237 definition therein 24 ) shows that the fragment picker approach produces overall 238 ensembles that contain structures more similar to the bound peptide conformation (see 239 Supplementary Table S2 ). Figure S1 . 275 We performed three runs to assess protocol performance (Summarized in Figure 4A 276 and Supplementary Table S1B ; specific examples are shown in Figure 3) : First, we 277 applied the protocol to bound receptor structures. For these runs a near-native peptide 278 conformation (L-RMSD <= 2.0Å, see Methods section) was found among the top 10 279 ranked clusters for 19 out of 27 complexes (success rate=70%, Figure 3D ). We then 280 proceeded to the real-world scenario, in which the free receptor structure was provided 281 as starting point (unbound run), leading to worse performance, as expected (10 282 complexes successfully modeled -success rate=37%, Figure 3B ). Importantly however, 283 when including also receptor flexibility during the refinement stage (unbound-min run), 284 these results improved, in particular if 10 best models are considered (14/27 complexes 285 successfully modeled -success rate=52%, Figure 3C ). RMSDs (among top 10 ranking clusters) for runs using the bound (BOUND) and free 300
(UNBOUND & UNBOUND-MIN) receptor structures, the latter including also receptor flexibility 301 in the final refinement step (only the motif region was modeled for the 12 complexes with known 302 motif). The median values are shown as red diamonds and printed alongside. Bottom: 303
Distribution of the ranks of the first near-native cluster (defined as L-RMSD <=2.0Å), shown 304 using different shades (for corresponding results among the top1, top3 and top10 ranked 305 predictions Comparison with other global docking protocols 313 We compared the results of PIPER-FlexPepDock (unbound-min run) with other existing 314 global peptide-protein docking protocols such as HADDOCK 12 , pepATTRACT 13 , 315 CABS-dock 15 , and MDockPep 16 on our non-redundant set of 27 complexes, as well as 316 on the set of 42 complexes used by these protocols in previous studies (34 complexes 317 were compared with HADDOCK as other 8 cases were not included in their unbound 318 run set). Since full length peptides were modeled using the other protocols, we modeled 319 full length peptides for the motif set cases for valid comparison. The success rate for 320 generating near-native models (i.e., L-RMSD within 2.0Å, or 3.0Å) was significantly 321 better for PIPER-FlexPepDock than any other protocol, even for models of the full 322 peptides (see Figure 4B and The PIPER-FlexPepDock server for the high-resolution modeling of peptide-331 protein interactions 332 In order to maximize the impact of our new protocol for global peptide-protein docking 333 and to make it accessible to the modeling of many new peptide-protein complexes, we the accuracy at this stage, the following refinement stage performs local sampling to 384 efficiently locate the minimum. Interestingly, this approach is much more effective than 385 the local refinement starting from one representative model (only one FlexPepDock 386 optimization run is necessary starting from each PIPER model, compared to several 387 hundred to thousand runs starting from a representative (defined, e.g. from a PIPER run 388 as implemented in the PeptiDock peptide motif docking algorithm 24 ). This is most 389 probably due to the fact that these starting coarse models are trapped in many distinct 390 states, each near a distinct local minimum, simplifying sampling during optimization.
392
Mapping encounter complexes and more: The peptide-receptor binding energy 393 landscape can provide a broader understanding of the binding mechanism itself. The 394 exhaustive sampling with accurate refinement provides a high-resolution map of the 395 energy landscape and helps us understand the energetic of the encounter between the 396 peptide and the receptor. In a previous study, we were able to demonstrate that 397 experimentally observed encounter complexes are well reproduced from a global 398 protein docking energy landscape 49 , and we anticipate that the corresponding peptide-399 protein docking energy landscape will provide similar information. 400 Our novel global peptide docking pipeline allows high-resolution modeling of peptide-401 protein interaction with much higher accuracy than ever before. The robustness of our 
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409
Data set (Table 1 and Supplementary Table S1 ) 410 Docking performance and analysis was calibrated and assessed on a benchmark of 411 peptide-protein complexes derived from the PeptiDB database 50 , filtered according to 412 the following criteria: 413 (1) Availability of both the complex and the free receptor structure, solved by X-ray 414 crystallography (resolution of the complex ≤2.0Å).
415
(2) Absence of crystal contacts that could influence the peptide conformation. In certain 416 cases this further interaction is of biological relevance, leading to receptor 417 multimerization and clustering (e.g. PeptiDB entries involving some of the SH3 domain-418 peptide interactions, 2AK5 51 , and 2J6F 52 ). Since for these cases, obtaining high- Supplementary Table S1C ) that is very similar to the one used in previous studies by 430 different groups 12, 13, 15, 16 . To ensure that no bias towards a certain peptide-receptor 431 would be introduced, we extracted a domain non-redundant set (defined by CATH 432 classification 36 ), resulting in the 27 complexes described in this study in detail ( Table 1   433 and Supplementary Table S1B ). 434 The dataset was further divided into two subsets, based on available information about Supplementary Table S1A ). The established protocol was then validated 442 on the remaining complexes, to ensure similar performance and thereby prevent 443 overfitting of the modeling protocol.
445
The steps of the PIPER-FlexPepDock protocol 446 In the following we provide specific details of the different steps of the PIPER- (3) The Rosetta FlexPepDock refinement algorithm 487 The FlexPepDock Refinement protocol refines all of the peptide's degrees of freedom 488 (i.e. its rigid body orientation as well as backbone dihedral angles), as well as the 489 receptor side chain conformations. Rosetta FlexPepDock refinement was performed as 490 described previously 10 , with slight changes: (1) Sampling: In our present 491 implementation, we also allowed the receptor backbone to move during minimization 492 steps, to allow for slight readjustment upon binding (compare e.g. Figures 3B and 3C) . 493 (2) Scoring: Rosetta energy function Talaris2014 44 was used. Clustering of models was 494 performed as previously described, using a threshold of 2.0Å 32 . The top-scoring 495 member of each cluster (according to reweighted score) was selected as the 496 representative member, and clusters were ranked based on the reweighted score of the 497 representative members (as in Raveh et al. 11 ). 
